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a b s t r a c t
Models that estimate land-use impacts on biodiversity at multiple spatial scales in human
modified landscapes are the backbone of conservation planning. In this study, the suitabil-
ity of two contemporary species–area methods – the power model and the logarithmic
model – for assessing land-use impacts on biodiversity over a landscape is explored. The
models are redefined using the Hill family of diversities, and a procedure for estimating
the models parameters’ is given. Results from the application of the methodology to data
on ant diversity in eight land-use systems in Oumé (Côte d’Ivoire) indicate that the loga-
rithmic model has superior performance over the power model in landscape biodiversity
assessments. Secondly, the exponential Shannon diversity (diversity of order 1) has the
best performance among the individual Hill diversities. The results also suggest that the
average of a sufficiently large number of Hill diversities provides a natural means of or-
dering land-use systems in terms of their suitability to conserve target species. Although
several parts of this method have been implemented in different ways in other studies, the
methodology as whole is new.
© 2014 The Author. Published by Elsevier B.V. This is an open access article under the CC
BY license (http://creativecommons.org/licenses/by/3.0/).
1. Introduction
Estimation of land-use impacts on biodiversity, especially at landscape scale, is necessary to ensure systematic conser-
vation planning (Desmet and Cowling, 2004; Jost, 2009; Jost et al., 2010; Hackman, 2014). This involves the modeling of
land-use–biodiversity relationships, quantified using species diversity (Alkemade et al., 2009; Trisurat et al., 2010). Myri-
ads of methods with varying degrees of sensitivity to species abundance have been proposed for use in quantifying species
diversity (Hurlbert, 1971; Magurran, 2004; Jost, 2006; Leinster and Cobbold, 2012; Lande, 1996; Whittaker, 1972; Clifford
et al., 1988 and Tóthmérész, 1995). In practice, species richness is often used due to its simplicity (Kempton, 1979; Leinster
and Cobbold, 2012; Magurran, 2004; Chao et al., 2014). Intuitively, however, the applicability of species richness for quan-
tifying species’ response to environmental changes is questionable because it is sensitive only to events that cause extreme
changes in species abundance distributions.
In consequence, the measurement of ecological differences in communities using solely species richness has been
described as ecologically unrealistic (Jost, 2007; Leinster and Cobbold, 2012; Jost et al., 2010). The use of entropy-based
indices (e.g. Shannon index) for quantifying diversity also results in misinterpretations because theymeasure uncertainties,
probabilities, etc. instead of diversity (Hurlbert, 1971; Hill, 1973; Jost, 2006, 2007, 2008; 2009; Tuomisto, 2011 andKempton,
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Fig. 1. Naïve and non-naïve diversity profiles of the three large mammal communities.
Source: Data was obtained from Ofori et al. (2012).
1979). As a result of these problems, a consensus seems to have been reached on the use of Hill numbers (Hill, 1973),
also known as effective numbers (or naïve diversities; sensu Leinster and Cobbold, 2012) for measuring and partitioning
of biodiversity (Ellison, 2010; Chao et al., 2014; Jost, 2006, 2007, 2010a,b; Tuomisto, 2010, 2011; Jost et al., 2010).
The measurement of landscape-scale biodiversity involves the assessment of species communities in different land-use
systems. This usually involves a differentiation of these land-use systems in terms of their suitability to conserve the species
of interest. The difficulty involved in community differentiation is that the use of different diversitymeasures often produces
different results (Tóthmérész, 1995; Hurlbert, 1971). Accordingly, many ordering methods (reviewed in Tóthmérész, 1995
and Liu et al., 2007) have been developed. Leinster and Cobbold (2012) give compelling reasons for utilizing multiple non-
naïve diversitymeasureswith varying degrees of sensitivity to relative abundance as ameans of differentiating communities.
According to them, a graph of this family of diversities against their respective abundance-sensitivity parameters (referred
to as the diversity profile), provides complete descriptions of the species communities. However, their proposed non-naïve
diversities, despite their numerous superior advantages over their naïve counterparts, also lead to the same contradictions
(i.e. different sensitivity parameters order certain communities differently as shown in Fig. 1).
Thus, the same problem of the ‘‘nonconcept’’ of diversity in relation to community ordering (even at the same spatial
scale) highlighted over four decades ago (Hurlbert, 1971) is yet to be resolved despite enormous research efforts (Kempton,
1979; Patil and Taillie, 1982; Tóthmérész, 1995; Liu et al., 2007; Leinster and Cobbold, 2012). These limitations in community
diversity ordering, notwithstanding, Hill diversities can be used to produce meaningful results.
For landscape-scale biodiversity assessments, species–area relationships (SARs) are usually used because it is impossible
to obtain a complete information about biodiversity at large scales from sampling (Desmet and Cowling, 2004; Pereira
and Daily, 2006; Proença and Pereira, 2013 and Koh and Ghazoul, 2010). Over 20 SARs have been proposed (see detailed
discussion in Dengler, 2009; Triantis et al., 2012 and Proença and Pereira, 2013) but the debate regarding the best model is
not yet settled. However, in applications, the powermodel, log S = c+ z log A (Arrhenius, 1921) and the logarithmic model,
S = k+b log A (Gleason, 1922) are themost frequently used (Rosenzweig, 1995; Desmet and Cowling, 2004; Dengler, 2009)
because of their long history and performance (Triantis et al., 2012; Proença and Pereira, 2013). In both models, S is species
richness and A is area. c, z, k and b are parameters estimated from data.
These models are usually fitted using data from well-structured sampling within the habitat of study. However, by
assuming their suitability a priori (Desmet and Cowling, 2004), it is possible to estimate the values of the parameters using
the slope formula because the power and logarithmic relationships are approximately linear in log–log and semi-log spaces
respectively. This assumption enables the assessment of thesemodels in terms of their ability to provide a stable ordering of
multiple communities as area increases. This stability requirement (also known as spatial invariance) is necessary for large
spatial-scale applications such as landscape land-use impact assessments on biodiversity.
In the following section, I propose a methodology, which is intuitively similar to the countryside model (Pereira and
Daily, 2006; Proença and Pereira, 2013), that integrates Hill diversities into these species–area models for estimating the
conservation potential as well as the species diversities of different land-use types in human modified landscapes.
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2. The methodology
Let Pi ∀ i ∈ [1, S] be the relative abundances of species in a sufficiently large sample s of individuals collected from the
land-cover type L, where S is the total number of distinct species in the sample. Then, Pi = Ni/NT andSi=1 Pi = 1 where
Ni is the number of individuals of species i and NT =si=1 Ni. The generalized equation for the Hill family of diversities qD
(Hill, 1973), defined over the probability distribution Γ :=

(P1, P2, P3, . . . , PS) : Pi ≥ 0,Si=1 Pi = 1, is given by
qD =

S
i=1
Pqi
 1
1−q
; q ∈ R, q ≥ 0 and q ≠ 1. (1)
qD is a strictly decreasing function of q, a parameterwhich indicates the degree of sensitivity of qD to the relative abundances
of the species. FromEq. (1), as q→ 1, qD→ exp

−Si=1 Pi ln Pi and as q→∞, qD→ NT /NmaxwhereNmax is the number
of individuals of the most abundant species (Hill, 1973). Thus qD : Γ → R (the set of real numbers) for all q ≥ 0.
Given the generalized Hill family of diversities (Eq. (1)), the power and the logarithmic SARs for each land cover type
within the landscape can be redefined respectively as
log
qD = cq + zq log A, (2)
and
qD = kq + bq log A. (3)
For species richness (q = 0), the value of z is typically<1 (Rosenzweig, 1995; Tjørve, 2012) and is influenced significantly by
methodology (Dengler, 2009), and b > 0 (Tjørve, 2012) but the values of c and k have not yet been resolved. For each value
of q there are unique (c, z) and (k, b) pairs of values as shown in Eqs. (2) and (3) respectively. The idea of defining SARs for
different land-use systems, a method used for determining land-use impacts on biodiversity which is necessary for setting
land-use based conservation targets, was proposed by Desmet and Cowling (2004). Although these models have usually
been used for estimating species richness, the positive linear relationship between species richness and diversities of order
q > 0 (Hill, 1973) permits these definitions. In order to estimate the values of z for Eq. (2), two points in the log–log space
are sufficient. Similarly, for Eq. (3), two points in the semi-log space of are sufficient. Additionally, the Euclidean distance
between each pair of points is considered not necessary, provided the points are different. The value of z for each (land-cover
type, qD) pair is calculated from Eqs. (2) and (3) respectively using the slope formulae
zq = log (
qDT )− log (qDs)
log (AT )− log (As) , (4)
and
bq =
qDT − qDs
log (AT )− log (As) . (5)
Essentially, in a landscapewith n unique land-cover types, Eqs. (4) and (5) respectively produce n different slope values zq(j)
and bq(j) for j ∈ {1, 2, 3, . . . , n}which describe the rates at which diversity increases in the land-cover types 1, 2, 3, . . . , n
respectively as area increases. The quantity qDs is the asymptotic (or true) diversity of order q (sensu Chao et al., 2014)
computed from a sample yield for a land-cover type collected from a site of area As while qDT is the asymptotic diversity
of order q computed from the pooled sample for a land-cover type collected from a total sampling area of AT . The use
of asymptotic diversities is necessary to ensure that the negative effects of small sample sizes on the slopes of the curves
(Tjørve, 2012) are eliminated. Eqs. (4) and (5) generalize themethods used by Desmet and Cowling (2004) and Tjørve (2012)
for estimating SAR model slope parameters to include diversities of order q > 0.
According to Kempton (1979), among the Hill family of diversities, those corresponding to sensitivity parameters
0 < q < 0.5 are the best for distinguishing communities. Until methods for estimating true diversities at these values
of q from sampling become available, data from thorough sampling of multiple communities at multiple spatial scales could
be used to test them. However, at present, studies that seek to use Hill diversities for distinguishing multiple communities
based on samples can only utilize q = 0, 1 and 2. This is because methods for estimating true Hill diversities from samples
are only available for these three q values. The procedure for computing reliable estimates of asymptotic diversities of 0D, 1D
and 2D up to double the reference sample size at 5% level of significance is described in detail in Chao et al. (2014).
Given species communities X1, X2, . . . , Xn collected respectively from land-cover types L1, L2, . . . , Ln, and described
respectively by diversity profiles, qD(X1), qD(X2), . . . , qD(Xn) such that qD(X1) > qD(X2) > · · · > qD(Xn) for each value
of q, it follows directly that
lim
h→∞

1
h+ 1
 h
q=0
qD(X1) >
h
i=0
qD(X2) > · · · >
h
i=0
qD(Xn)

. (6)
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The inequality (6) is the rank of the communities within the landscape in decreasing order of diversity over the whole range
of q. This is the simplest case in which multiple communities can be clearly ranked in terms of diversity. In many real cases,
however, the behavior of qD is such that for two communities Xj and Xk, qD(Xj) > qD(Xk) for some values of q ranging from
0 to a finite positive real number r at which point qD(Xj) = qD(Xk) and thereafter qD(Xj) ≤ qD(Xk) for the remaining values
of q as shown in Fig. 1 for Gyemira and Gyeni River forest reserves. According to Tóthmérész (1995), such communities are
not comparable. However, it is natural to think that as long as we want to treat all species equally, the average of diversities
over all values of q provides a better means of ranking multiple communities, even though the biological significance of this
average is not yet known. On this basis, I hypothesize that the ranking of multiple communities in terms of species diversity
using the average of qD over a sufficiently large range of values of q is much more spatially resilient in comparison with
rankings produced by each of the diversities individually. Here, the average diversity 13
2
q=0 qD is used to provide an initial
test of this hypothesis. Unlike the power model, the average diversity behaves linearly in the logarithmic model. That is,
avgD = 1
3
2
q=0
qD = 1
3
{(k0 + k1 + k2)+ (b0 + b1 + b2) log A}
= kavg + bavg log A. (7)
Hence the parameters of the average diversity can be determined by averaging the parameters of a number of diversities, a
property which appears to be desirable.
By assuming no prior knowledge about the composition of species within a landscape, we can use the most species-
diverse land-cover type as a benchmark for assessing the suitability of other land-cover types for conserving the target
species being studied. Let Lj∈{1,2,...,n} be the land-cover types in the landscape, then, on a [0, 1] scale, the suitability of Lj and
the overall suitability of the landscape are given respectively by
YLj =
qD(Lj)
max
j∈{1,2,...,n}

qD(Lj)
 ; q ∈ {0, 1, 2, avg} (8)
and
Y = 1
AT
n
j=1
A(Lj)× Y Lj (9)
where AT is the total area of the landscape (or study area) and A(Lj) is the total area of the land-cover type Lj.
3. Application
I illustrate the methodology with species data (Table A.1) from Yeo et al. (2011) on 155 ground-moving ants sampled
from eight land-use types covering an area of approximately 7 km2 in Oumé (Côte d’Ivoire). A detailed description of study
area can be obtained from the original paper. The data was recorded to determine the effects of the land-use types on the
biodiversity of the area. Four sites each of area 500 m2 were sampled from each land-use types. Because the sampling sites
were properly structured on a grid, the effect of differences in distance caused by species overlap is considered the same for
all land-use types.
First, I computed the asymptotic diversities for both the sample and the pooled datasets (covering 500 m2 and 2000 m2
respectively) to double their respective reference sizes at 5% level of significance (see Table 1) using an R-script provided
as supplementary file by Chao et al. (2014). The graphical results of the asymptotic diversities are provided as Figures A.1
and A.2. Secondly, based on the assumption of equal habitat amount (sensu Fahrig, 2013) for each set of sites belonging
to each land-use type, I defined the power and the logarithmic SAR models for each land-use type and computed the
model parameters. The resulting models were used to extrapolate ant diversities at multiple spatial scales ranging from
500 m2 to 100 km2. These estimates were used to calculate conservation suitability rankings for the land-use types at 12
unequal intervalswithin the specified spatial range in the preceding sentence. These rankingswere then tested for statistical
similarity using the Friedman non-parametric test.
The z values obtained for the power model defined on species richness were slightly higher than most published values
(Rosenzweig, 1995). This is possibly because the actual asymptotic diversities were not obtained for any of the land-use
types as indicated by the extrapolation curves (Figures A.1 and A.2). Table 2 contains the complete list of parameters for
each land-use and for each diversity measure grouped according to the SAR models. The estimates of diversities obtained
from the logarithmicmodelwere realistic,while estimates from thepowermodelwere too large andunrealistic. For example
ant richness predicted by the power model for a primary forest stretch of area of 50 ha was 1424 which is far more than the
total recorded 755 (2009 estimate; Taylor, 2013) ant species of the whole West Africa.
At 50 ha, the estimate ant richness obtained from the logarithmic model for primary forest was 300. For the whole
Eastern Guinean Forests Ecoregion (189 400 km2), the logarithmic model estimated a total ant richness of 758 for primary
forest which appears reasonable considering the fact that the ants of the region have not yet been fully recorded.
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Table 1
Sample and asymptotic diversities for each land-use type. PF = primary forest, SF = secondary forest,MSP = multispecies plantation, FCF =
food crop farm, 10YTP = 10-year old teak plantation, and 4YTP = 4-year old teak plantation.
PF SF Fallow MSP FCF Cocoa 10YTP 4YTP
Sample (0.05 ha plot)
0D 37.00 35.00 31.00 28.00 24.00 28.00 27.00 21.00
1D 26.43 24.75 22.90 20.03 17.18 20.36 19.20 13.86
2D 19.09 17.63 17.00 15.04 13.05 14.97 13.94 9.72
Sample (0.2 ha plot)
0D 80.00 83.00 69.00 57.00 48.00 60.00 56.00 50.00
1D 49.30 47.37 44.72 34.71 30.94 38.71 36.49 25.20
2D 35.49 30.24 32.10 26.15 23.97 29.51 27.45 15.88
Asymptotic diversity up to double sample size (0.05 ha plot) at 5% significance level
0D 52.85± 12.25 52.77± 12.35 40.86±10.25 39.86±10.69 34.7± 10.08 41.67±12.72 41.49±10.67 30.95± 9.9
1D 33.33± 8.58 32.85± 10.04 27.76± 6.53 24.83± 6.69 21.56± 7.03 26.87±10.47 25.74± 8.81 17.37± 6.49
2D 21.62± 7.02 19.9± 7.72 19.38± 6.1 16.89± 5.09 14.56± 4.9 17.02± 6.65 15.84± 6.67 10.71± 4.54
avgD 35.93 35.17 29.33 27.19 23.61 28.52 27.69 19.68
Asymptotic diversity up to double sample size (0.2 ha plot) at 5% significance level
0D 102.36±15.11 100.56±12.99 81.79±11.92 71.31±12.40 60.92±13.06 78.66±14.56 73.32±13.32 70.81± 14.66
1D 54.32± 5.76 51.62± 6.24 48.64± 5.37 37.20± 4.40 33.51± 4.32 43.12± 5.96 40.7± 5.66 28.45± 4.97
2D 37.39± 4.91 31.56± 5.60 33.95± 4.79 27.2± 3.74 25.13± 3.34 31.37± 4.23 29.19± 4.65 16.45± 3.07
avgD 64.69 61.25 54.79 45.24 39.85 51.05 47.74 38.57
Table 2
List of model parameters. The acronyms in this table are as defined previously.
PF SF Fallow MSP MFCF Cocoa 10YTP 4YTP
Power model
z0 0.477 0.465 0.501 0.420 0.406 0.458 0.411 0.597
z1 0.352 0.326 0.405 0.292 0.318 0.341 0.331 0.356
z2 0.395 0.333 0.404 0.344 0.394 0.441 0.441 0.310
zavg 0.424 0.400 0.451 0.367 0.378 0.420 0.393 0.485
c0 0.436 0.467 0.260 0.468 0.445 0.383 0.509 −0.121
c1 0.572 0.637 0.352 0.608 0.475 0.508 0.519 0.279
c2 0.268 0.401 0.196 0.300 0.101 0.041 0.010 0.194
cavg 0.411 0.466 0.251 0.444 0.353 0.322 0.382 −0.016
Logarithmic model
b0 82.234 79.377 67.983 52.237 43.550 61.439 52.868 66.203
b1 34.864 31.176 34.681 20.546 19.849 26.991 24.848 18.401
b2 26.193 19.367 24.200 17.125 17.556 23.835 22.174 9.536
bavg 47.764 43.307 42.288 29.969 26.985 37.422 33.297 31.380
k0 −169.10 −161.47 −142.63 −101.13 −82.84 −124.15 −101.2 −147.73
k1 −60.77 −51.294 −65.843 −30.623 −32.01 −45.977 −41.32 −32.29
k2 −49.075 −32.371 −45.936 −29.329 −32.82 −47.31 −44.007 −15.028
kavg −92.980 −81.711 −84.801 −53.693 −49.23 −72.48 −62.177 −65.017
Table 3
Results of Friedman similarity test (α = 0.05).
Diversity measure P-value
Power model Logarithmic model
0D <0.0001 0.2252
1D <0.0001 0.2252
2D 0.0015 0.9995
avgD 0.0379 0.2252
The suitability ranking produced using the powermodelwere statistically dissimilar for all diversitymeasures 0D, 1D, 2D
and avgD (the average diversitymeasure) at 5% significance level. Pairwise comparisons using Nemenyi’s procedure revealed
that statistical difference between rankings occur at scales≥1 km2. However, the logarithmic model produced statistically
similar rankings for all diversity measures (see Table 3). Thus the power model failed the spatial consistency test and was
accordingly rejected as suitable for this study.
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Table 4
Summary of land-use conservation values.
Land-cover type Area (m2) Conservation suitability % of ants conserved % of ants lost
Primary forest 1 114863.28 1.000 16.02 0.00
Secondary forest 1 671251.83 0.929 22.33 1.70
Fallow 762405.04 0.864 9.46 1.49
Multispecies plantation 1584742.77 0.668 15.22 7.56
Mixed food crop Farm 256425.37 0.594 2.19 1.50
Cocoa 251248.16 0.787 2.84 0.77
10-year teak 689147.61 0.720 7.13 2.77
4-year teak 627157.88 0.623 5.61 3.40
Total 6 957241.94 80.81 19.19
As hypothesized, the average diversity measure avgD and 1D had the best spatial consistency, assigning the same rank
values to 6 out of 8 land-use types. The performance of 1D is not surprising. According to Jost (2006), it should be treated
as the main measure of diversity because it weighs species by their respective frequencies. The land-use suitability values
obtained from avgD and 1Dwere statistically similar (Tables A.2 and A.3). The poor spatial performance of species richness is
due to the fact that meaningful differentiations between multiple ecological communities can only be achieved by making
use of their species abundances (Jost, 2007). Table 4 shows the conservation value of each land-use type within the study
area. As expected, themixed food crop farms had the least conservation suitability, however, because they cover only a small
fraction of the area, the overall ant conservation potential of the landscape was not much affected.
4. Conclusions
This study has shown that the logarithmic model has superior performance over the power model in land-use–
biodiversity assessments over large areas. However, because the actual abundances of the species in the data used were
replaced with occurrence frequencies, which according to the authors (Yeo et al., 2011) is valid for highly abundant species
like ants, the data was not lognormally distributed. This is a possible reason for the poor performance of the power model
since it assumes a lognormal distribution. The logarithmic model produced statistically similar land-use suitability values
even for very large spatially scales, which indicates that, with available land-use map covering the other parts of the
ecoregion, it is possible to calculate reasonable estimates of ant diversity for large areas of land-use even greater than
1000 km2, provided each land-use type is adequately homogeneous at this scale.
A number of points need to be highlighted. First, the assumption of equal habitat amount based on which many patches
of the same land-use type are combined and treated as a single unit provides a crude way to advance our understanding of
land-use impacts at higher spatial scales, however, it may not be true for certain land-uses. Second, issues related to species
overlap are not considered because the method focuses on estimating the conservation potential of each land-use as a unit,
and accordingly, estimation of species diversity is done for each land-use type. Although this is a limitation and makes the
method incapable of giving overall estimate of species diversity over the whole landscape, several models for estimating
total landscape diversity (most which are discussed in Proença and Pereira, 2013) are available.
In countries, especially developing ones, where customary land tenure system is practiced, landscape composition is
largely dependent on the land-use preferences of individuals, and governments have little control, except in protected areas.
Such areas arguably present the greatest challenge to biodiversity conservation because of several economic, social and
cultural factors, and conservation strategies must be made based on a proper knowledge of the ecological effects of their
land-use practices. Tjørve (2002) made excellent predictions that are useful for managing multi-habitat landscapes. The
method presented in the paper produces results that can be utilized along with Tjørve’s land-use management predictions
to optimize biodiversity conservation. Although, this method is intuitively similar to the countryside model (Proença and
Pereira, 2013), it is methodologically different, and the use of multiple diversities among other qualities such as small data
input probably makes it a better model. More importantly, it can be applied to multi-temporal land-use data to produce
ecological data that can be combined with multi-temporal crop yield information to produce optimized solutions for off-
reserve biodiversity conservation.
Acknowledgments
I amgrateful toDr Kolo Yeo and his coauthors for allowingme to use their data. This researchwas supported by a graduate
research grant from Tsinghua University research grant number 2012Z02287.
Appendix A. Supplementary data
Supplementary material related to this article can be found online at http://dx.doi.org/10.1016/j.gecco.2014.11.003.
K.O. Hackman / Global Ecology and Conservation 3 (2015) 83–89 89
References
Alkemade, R., van Oorschot, M., Miles, L., Nellemann, C., Bakkenes, M., ten Brink, B., 2009. GLOBIO3: a framework to investigate options for reducing global
terrestrial biodiversity loss. Ecosystems 12, 374–390.
Arrhenius, O., 1921. Species and area. J. Ecol. 9 (1), 95–99.
Chao, A., Gotelli, N.J., Hsieh, T.C., et al., 2014. Rarefaction and extrapolationwith Hill numbers: a framework for sampling and estimation in species diversity
studies. Ecol. Monograph 84 (1), 45–67.
Clifford, E.L., Swindel, B.F., Tanner, G.W., 1988. Species diversity and diversity profiles: concept, measurement, and application to timber and range
management. J. Range Manage. 41 (6), 466–469.
Dengler, J., 2009. Which function describes the species–area relationship best? A review and empirical evaluation. J. Biogeogr. 36, 728–744.
Desmet, P., Cowling, R., 2004. Using species–area relationship to set baseline targets for conservation. Ecol. Soc. 9 (2), 11–33.
Ellison, A.M., 2010. Partitioning diversity. Ecology 91, 1962–1963.
Fahrig, L., 2013. Rethinking patch size and isolation effects: the habitat amount hypothesis.
Gleason, H.A., 1922. On the relation between species and area. Ecology 3 (2), 158–162.
Hackman, K.O., 2014. The state of biodiversity in Ghana: knowledge gaps and prioritization. Int. J. Biodivers. Conserv. 6 (9), 681–701. http://dx.doi.org/10.
5897/IJBC2014.0739.
Hill, M., 1973. Diversity and evenness: a unifying notation and its consequences. Ecology 54 (2), 427–432.
Hurlbert, S.H., 1971. The nonconcept of species diversity: a critique and alternative parameters. Ecology 52 (4), 577–586.
Jost, L., 2006. Entropy and diversity. Oikos 113 (2), 363–375.
Jost, L., 2007. Partitioning diversity into independent alpha and beta components. Ecology 88, 2427–2439.
Jost, L., 2008. Gst and its relatives do not measure differentiation. Mol. Ecol. 17, 4015–4026.
Jost, L., 2009. Mismeasuring biological diversity: response to Hoffmann and Hoffmann (2008). Ecol. Econ. 68, 925–928.
Jost, L., 2010a. Independence of alpha and beta diversities. Ecology 91 (7), 1969–1974.
Jost, L., 2010b. The relation between evenness and diversity. Diversity 2, 207–232.
Jost, L., DeVries, P., Walla, T., Greeney, H., Chao, A., Ricotta, C., 2010. Partitioning diversity for conservation analyses. Divers. Distrib. 16, 65–76.
Kempton, R.A., 1979. The structure of species abundance and measurement of diversity. Biometrics 35 (1), 307–321.
Koh, L.P., Ghazoul, J., 2010. Amatrix-calibrated species-areamodel for predicting biodiversity losses due to land-use change. Conserv. Biol. 24 (4), 994–1001.
Lande, R., 1996. The statistics and partitioning of species diversity, and similarity among multiple communities. Oikos 76 (1), 5–13.
Leinster, T., Cobbold, C.A., 2012. Measuring diversity: an importance of species similarity. Ecology 93 (3), 477–489.
Liu, C.,Whittaker, R.J.,Ma, K.,Malcolm, J.R., 2007. Unifying and distinguishing diversity orderingmethods formultiple communities. Popul. Ecol. 49, 89–100.
Magurran, A.E., 2004. Measuring Biological Diversity. Blackwell Science Ltd., Oxford, UK.
Ofori, B.Y., Attuquayefio, D.K., Owusu, E.H., 2012. Ecological status of large mammals of a moist semi-deciduous forest of Ghana: implications for wildlife
conservation. J. Biodivers. Environ. Sci. 2 (2), 28–37.
Patil, G.P, Taillie, C., 1982. Diversity as a concept and its measurement. J. Amer. Statist. Assoc. 77 (379), 548–561.
Pereira, H.M., Daily, G.C., 2006. Modelling biodiversity dynamics in countryside landscapes. Ecology 87 (8), 1877–1885.
Proença, V., Pereira, H.M., 2013. Species–area models to access biodiversity change in multi-habitat landscapes. The importance of species habitat affinity.
Basic Appl. Ecol. 14, 102–114.
Rosenzweig, M.L., 1995. Species Diversity in Space and Time. Cambridge University Press.
Taylor, B., 2013. Ants of Sub-Saharan Africa (Eleventh Edition) [Online Book]. Available at: http://antsofafrica.org/ (Accessed 28 June 2014).
Tjørve, E., 2002. Habitat size and number in multi-habitat landscapes: a model approach based on species–area curves. Ecography 25, 17–24.
Tjørve, E., 2012. Arrhenius and Gleason revisited: new hybrid models resolve an old controversy. J. Biogeogr. 39, 629–639.
Tóthmérész, B., 1995. Comparison of different methods for diversity ordering. J. Veg. Sci. 6 (2), 283–290.
Triantis, K.A., Guilhaumon, F., Whittaker, R.J., 2012. Island species–area relationship: biology and statistics. J. Biogeogr. 39, 215–231.
Trisurat, Y., Alkemade, R., Verburg, P.H., 2010. Projecting land-use and its conseqences for biodiversity in northern Thailand. Environ. Manage. 45, 626–639.
Tuomisto, H., 2010. A diversity of beta diversities: straightening up a concept gone awry. Part 1. Defining beta diversity as a function of alpha and gamma
diversity. Ecography 33, 2–22.
Tuomisto, H., 2011. Commentary: do we have a consistent terminology for species diversity? Yes, if we choose to use it. Oecologia 167, 903–911.
Whittaker, R.H., 1972. Evolution and measurement of species diversity. Taxon 21, 213–251.
Yeo, K., Konate, S., Tiho, S., Camara, S.K., 2011. Impacts of land use types on ant communities in a tropical forest margin (Oumé–Côte d’Ivoire). African J.
Agric. Res. 6 (2), 260–274.
